Stream and river systems transport and process substantial amounts of dissolved organic matter 27 (DOM) from terrestrial and aquatic sources to the ocean, with global biogeochemical 28 implications. However, the underlying mechanisms affecting the spatiotemporal organization of 29 DOM composition are under-investigated. To understand the principles governing DOM 30 composition, we leverage the recently proposed synthesis of metacommunity ecology and 31 metabolomics, termed 'meta-metabolome ecology.' Applying this novel approach to a freshwater 32 ecosystem, we demonstrated that despite similar molecular properties across metabolomes, 33 metabolite identity significantly diverged due to environmental filtering. We refer to this 34 phenomenon as 'thermodynamic redundancy,' which is analogous to the ecological concept of 35 functional redundancy. We suggest that under thermodynamic redundancy, divergent 36 metabolomes can support equivalent biogeochemical function just as divergent ecological 37 communities can support equivalent ecosystem function. As these analyses are performed in 38 additional ecosystems, potentially generalizable principles, like thermodynamic redundancy, can 39 be revealed and provide insight into DOM dynamics. 
Introduction 49
Riverine ecosystems receive substantial carbon inputs from terrestrial sources (~1.9 Pg C yr -1 ), 50 releasing some into the atmosphere and transporting a large portion to the ocean (~0.95 Pg C yr -51 1 )
1,2 . Much of this carbon is dissolved and complexed with other elements as organic matter. As 52 this dissolved organic matter (DOM) travels through watersheds (e.g., along river corridors), it 53 interacts with resident microbial communities and undergoes significant biochemical 54 transformations that influence its fate 1, [3] [4] [5] [6] [7] . Recent research has suggested that these ongoing 55 biochemical reactions have a significant influence on river corridor biogeochemistry 5, 6, 8 . Despite 56 the significance of these DOM biochemical reactions, predictive models (e.g., Earth system 57 models, reactive transport models) generally do not represent these detailed processes because 58 they are largely unknown 4, 6 . Moreover, the underlying principles governing the detailed 59 chemistry of DOM are under-investigated 5 . Our capacity to predict changes in the functioning of 60 coupled terrestrial-aquatic systems (e.g., watersheds) will be enhanced by resolving these 61 uncertainties 3, 7, 9 . 62 63 Stochasticity can arise through uncoordinated changes in rates of production or transformation 95 (analogous to random birth/death events in ecological systems) as well as via non-selective 96 transport (analogous to dispersal in ecological systems). Stochasticity dominates when 97 deterministic processes (e.g., selective agents) are not applied consistently through space and/or 98 time, or are too weak to overcome factors such as spatial mixing of metabolites [12] [13] [14] . 99 100 Further analogies can be drawn to ecological systems whereby stochastic and deterministic 101 processes can be separated into different classes to deepen understanding of the forces governing 102 the molecular properties of metabolite assemblages 11 . As in ecological systems, the influences of 103 deterministic processes can separate into variable and homogenous selection. Variable selection 104 occurs when selective pressures cause assemblages that are separated in space or time to diverge 105 in composition. In turn, differences in metabolite composition are greater than would be 106 expected by random chance 12, 13 . In contrast, homogenous selection occurs when selective 107 pressures cause assemblages to have similar composition; differences in metabolite composition 108 are less than expected by random chance 12, 13 . A dominant influence of stochastic processes 109 results in differences in metabolite composition that do not deviate from a random expectation 15 . 110
influences of deterministic and stochastic processes. As shown in Danczak et al. 11 , this challenge 118 can be overcome using metabolite null modeling, which borrows directly from ecological null 119 modeling through the use of dendrograms representing biochemical relationships among 120 metabolites. In ecological systems, null models are often based on phylogenetic and/or functional 121 trait relationships (e.g., Swenson et al. 2012 16 , Siefert et al. 2013 17 , and Dini-Andreote et al. 122 2015 14 ). Using metabolite null modeling, Danczak et al. 11 found that biochemical relationships 123 among metabolites can strongly influence spatial variation in river corridor metabolite 124 assemblages. This points to an opportunity to leverage metabolite null modeling to reveal new 125 principles governing the molecular properties of metabolite assemblages comprising DOM. 126
127
Here we use concepts (e.g., stochastic/deterministic processes) and analytical tools (e.g., null 128 models) derived from community ecology to investigate fundamental aspects of metabolite 129 assemblages with respect to (1) within and among assemblage diversity (i.e., alpha and beta 130 diversity), (2) stochastic and deterministic processes governing assemblage composition, and (3) 131 drove divergence in the biochemical transformations connecting metabolites, both between and 141 within surface and pore waters. Furthermore, our results point to a new concept referred to as 142 'thermodynamic redundancy' in which spatially or temporally separate metabolite assemblages 143 have indistinguishable thermodynamic properties despite divergence in other metabolome 144 characteristics. 145
146

Results
147
Metabolite properties were similar across surface and pore water. Given that the sampled 148 surface water had likely passed through the subsurface multiple times within the studied field 149 system 21,26,27 , we expected metabolite assemblages within the surface and pore water to share 150 some molecular properties. This was borne out with respect to properties inferred directly from 151 assigned molecular formulae. More specifically, the surface and pore water metabolite 152 assemblages had similar thermodynamic and molecular properties (Figure 2) . The standard 153
Gibb's Free Energy of carbon oxidation (ΔG°c ox ), double-bond equivalents (DBE), and modified 154 aromaticity index (AI Mod ) did not significantly differ between surface and pore water (p-value > 155 0.05). While the thermodynamic and molecular properties varied through time, they did not 156 clearly follow diel hydrological dynamics (Figure 1) . Similarities in thermodynamic andConserved alpha diversity and molecular properties contrast with divergence in 164 composition, revealing thermodynamic redundancy. Additional analyses examining both 165 within metabolome diversity (i.e., alpha diversity) and among metabolome differences in 166 composition (i.e., beta diversity) presented an apparent contradiction; metabolomes with similar 167 within-metabolome properties and diversity had divergent composition. This leads to the 168 proposed concept of thermodynamic redundancy, discussed below. More specifically, the 169 dendrogram-based alpha diversity values were largely similar between surface and subsurface 170 metabolomes mirroring dynamics in molecular and thermodynamic properties (Figure 3) . 171
Patterns of Faith's PD mostly followed molecular property patterns, indicating that there were no 172 major differences in dendrogram structure between surface and pore water metabolomes (p-173 value: 0.063). Other alpha diversity metrics that use dendrogram-based relational information 174 (i.e., MPD, MNTD, VNTD, VPD) followed similar trends between surface and pore water 175 metabolomes (p-value: > 0.1). These results indicate that across surface and porewater there are 176 conserved molecular properties and biochemical transformation network topologies, both of 177 which are used to estimate the dendrogram used for alpha diversity analyses. Alpha diversity 178 analyses do not, however, directly evaluate variation in composition across metabolomes. Beta-179 diversity metrics can be used to make such comparisons. 180
181
Comparison of metabolome assemblages using beta diversity metrics revealed significant 182 divergence in metabolome composition, despite the high degree of similarity in alpha diversity. 183
More specifically, Jaccard dissimilarity and β -mean nearest taxon distance (βMNTD) principal 184 coordinate analysis (PCoA) plots showed clear separation between surface and subsurface 185 metabolomes (Figure 4 ; Jaccard p-value -0.005; processes that led to metabolomes with similar molecular properties but divergent composition, 217 rather than true functional diversity. 218
219
The degree to which thermodynamic redundancy is observed across metabolite assemblages will 220 require data from a broad suite of environmental systems. It will be important to evaluate this 221 concept with paired measured biogeochemical rates and with more detailed metabolome data that 222 include information on molecular structure to assess its impact on the potential functional role of 223 organic metabolites. Regardless of the degree to which thermodynamic redundancy indicates true 224 functional redundancy, extending the general concept of redundancy to metabolomes further 225 emphasizes the significant breadth of conceptual parallels between ecological communities and 226 metabolite assemblages. 227 228 Divergence in metabolite assemblages was associated with biochemical transformations. 229
The concept of thermodynamic redundancy indicates conserved thermodynamic properties 230 despite strong divergence in metabolite composition. Through additional multivariate analyseswe found that this divergence was driven by transformations that were used to define 232 biochemical relationships among metabolites in our analyses. More specifically, through a 233 Jaccard dissimilarity-based NMDS analysis we found that profiles of biochemical 234 transformations were divergent between surface and subsurface metabolomes ( 
5
, we suggest that the subsurface has a greater capacity for biomass turnover 244 and proteolytic activity due to increased microbial load as compared to the surface water. We 245 also suggest that the higher frequency of N-transformations in the pore water were not due to 246 differences in N limitation causing enhanced N mining given that N concentrations (e.g., NO 3 , 247 NO 2 , and total N) were below our limit for detection in both surface and pore water 248 (Supplemental File 1). However, we did not measure organic N, so we cannot exclude the 249 possibility that N was more limited in the subsurface than the surface due to potentially greater 250 microbial load. Alternatively, these differences could arise from hotspot activity which has been 251 reported within other riverbed sediments/hyporheic zones 6 . Regardless of the mechanism, the 252 consistency between this study and previous work suggests that shallow subsurface domains 253 (often associated with hyporheic zones) may consistently be characterized by greater abundanceof N-containing biogeochemical transformations. Multi-system comparative studies will be 255 needed to evaluate this possibility, which could emerge as a principle that is transferable across 256 river corridor systems, providing an opportunity to inform the structure of mechanistic predictive 257
models. 258 259
Deterministic processes drove differences between surface and pore water metabolite 260 assemblages. Divergence in metabolite assemblage composition through space or time can be 261 due to stochastic processes, deterministic processes, or some combination of the two. 262
Deterministic processes can have strong influences when biotic or abiotic features cause 263 systematic differences in organismal reproductive success or metabolite expression across 264 assemblages 15 . Stochastic processes can arise due to spatiotemporal differences whereby random 265 or uncoordinated 'demographic events' (i.e., organismal birth/death or metabolite 266 expression/transformation) lead to divergence in composition that is not due to systematically 267 imposed deterministic factors 13, 33 . Stochastic processes can also be dominant when there is 268 significant movement or mixing of organisms/metabolites across spatial locations (i.e., across 269 ecological communities or metabolite assemblages). The β -nearest taxon index (βNTI) metric, a 270 phylogenetic null modeling approach, has been shown to quantitatively estimate the relative 271 contributions of these stochastic and deterministic processes 12, 13, 15 . This provides much deeper 272 insight into the mechanisms driving observed spatiotemporal patterns in community/assemblage 273 composition when compared to more traditional methods such as ordinations, redundancy 274 analysis, or regressions. 275
Applying null modeling approaches to metabolite assemblages showed that divergences 277 observed through ordination analysis ( Figure 3) were overwhelmingly due to deterministic 278 processes that arise from differences in abiotic and/or biotic features. Specifically, the 279 deterministic processes observed here were akin to the concept of 'variable selection' in 280 ecological communities. Variable selection can dominate the assembly of communities when 281 features of the environment systematically drive divergence in composition by causing spatial or 282 temporal shifts in the relative fitness of different biological taxa. We infer that an analog to 283 variable selection driven by features in the biotic and/or abiotic environment is causing 284 divergence in metabolite assemblages within our study system despite conserved levels of alpha-285 diversity and molecular properties (Figures 2 and 3) . It is important to recognize that this is not 286 a pre-determined outcome of sampling different locations within the river corridor. The 287 divergence between surface and porewater metabolite assemblages could have been due to 288 limited exchange enabling compositional divergence to arise through uncoordinated (i.e., 289 stochastic) changes in metabolite production and transformation. Such a scenario would have 290 been akin to dispersal limitation enabling ecological drift, which is itself akin to genetic drift 291 within the theory of population genetics 34 . Recent application of the β NTI null model to river 292 corridor metabolite assemblages from the mainstem of the Columbia River showed that such 293 stochastic scenarios are possible and potentially likely 11 . 294 295 Examining dynamics within surface or porewater revealed stronger influences of deterministic 296 processes in porewater (relative to surface water), suggesting highly localized biotic or abiotic 297 processes with very strong influences over assemblage composition. Furthermore, porewater 298 metabolomes were more consistently governed by variable selection than those in surface water (Figure 6 ; p-value: < 0.001). This was true despite the study system appearing to be well-mixed, 300 whereby advective transport of water-soluble metabolites could overwhelm deterministic 301 processes causing compositional divergence (akin to 'mass effects' in ecological meta-302 communities) 13, 35 . Based on correlations with other physical and chemical variables, 303 deterministic pressures within the surface water seem to be associated with geochemical 304 conditions, including sulfate and dissolved oxygen concentrations (Supplemental File 2). No 305 physical or chemical variables were significantly related to the level of determinism associated 306 with porewater metabolite assemblages. These results suggest that different biogeochemical 307 processes are at play in surface and subsurface domains, despite the surface water being an 308 integration of pore water through space and time [18] [19] [20] [21] . 309
310
One of the key biogeochemical differences between surface and subsurface domains in the study 311 system and in other river corridors 5 is the variation of putative biochemical transformations. This 312 inference is supported through analyses linking these putative biochemical transformations to 313 influences of deterministic processes. The relative frequencies of many individual biochemical 314 transformations, regardless of the molecule gained or lost, were significantly correlated to the 315 level of determinism. For most transformations, these correlations were similar between surface 316 and pore water metabolite assemblages (Supplemental File 3). Grouping transformations by 317 elemental compositions as above, however, revealed that determinism in the surface water was 318 positively associated with N-, S-, and P-containing transformations and negatively related to 319 those transformations containing only C, H, and O. These results indicate that as N-, S-, and P-320 containing transformations become more frequent within the surface water, overall metabolomesignificantly positively related to deterministic processes. The absence of a strong N-containing 323 transformation correlation within the porewater contrasts with the overall frequency dynamics 324 discussed earlier and likely points to more complex organic N metabolism. To further reveal 325 underlying processes and their dynamics will require more detailed geochemical (e.g., dynamics 326 of vertical redox gradients) and molecular investigations (e.g., metatranscriptomics of microbial 327 communities), likely across other river corridors and longer time periods. 328 329
Discussion
330
A key element limiting accurate representation of DOM cycling in predictive models is 331 understanding the processes governing spatiotemporal variation in metabolite assemblages and 332 the follow-on impacts to emergent biogeochemical function. To address this challenge, we took a 333 novel approach based on concepts and methods from metacommunity ecology. We find that 334 deterministic processes drive divergence in metabolite assemblage composition through both 335 space and time. This divergence was observed despite similar alpha diversity and 336 molecular/thermodynamic properties. We also provide evidence that deterministic processes 337 which cause metabolome divergence are associated with organic transformations. This indicates 338 that expressed microbial metabolisms should be highly dynamic in time and should diverge 339 between surface and subsurface components of the river corridor. Given strong similarity in 340 molecular properties across surface and subsurface domains, we further propose that divergent 341 metabolite assemblages have the potential to be thermodynamically equivalent. and pore water metabolite assemblages had conserved thermodynamic and molecular properties 364 but were compositionally divergent due to strong deterministic processes (Figure 6 ). This 365 suggests that compositionally divergent metabolite assemblages could be redundant with respect 366 to bulk biogeochemical processes (e.g., respiration rates) that have been shown to be influenced 367 by metabolite thermodynamics 6, 42 . Whether these outcomes are driven by differential substratepreference across the riverbed or common labile carbon depletion, the divergence in metabolite 369 assemblages suggests that these environments can take different paths while maintaining similar 370 bulk chemical and thermodynamic properties. In other words, redundancy appears to exist at 371 higher levels of metabolite properties, but not at the lower levels associated with biochemical 372 linkages among metabolites. An open question is the degree to which net biogeochemical rates 373 respond to higher-level properties (e.g., thermodynamics of individual metabolites) versus lower-374 level biochemical mechanisms. Evaluating this question is fundamental to understanding 375 whether and how thermodynamic redundancy is association with redundancy of biogeochemical 376 function. 377
378
Metabolite assemblages are examined as snapshots of the organic compounds at a given point in 379 time and space. By analyzing assemblages together and viewing them as analogs to ecological 380 communities, we can draw upon the concepts, theory, and tools developed with meta-community 381 ecology. Doing so provides novel insight into the processes that shape spatiotemporal dynamics 382 of metabolite assemblages. Here, using this approach we found that variable selection can 383 dominate spatial and temporal dynamics of metabolite assemblages, potentially via underlying 384 biochemical processes associated with dynamic organic N, S, and P metabolism. Similarities 385 between this study and previous work hint at the potential to elucidate generalizable principles 386 that could be used to enhance the predictive capacity of process-based simulation models (e.g., 387
reactive transport codes). Applying our analytical framework to ecosystem metabolomes from a 388 broad suite of river corridors and pairing these analyses with biogeochemical rate measurements 389 will provide exciting opportunities to test and reveal generalizable principles.
Methods 392
Site Description. Samples for this study were collected from Watershed 1 (WS01) in the HJ 393 Andrews Experimental Forest, Oregon, USA (Figure 1) 19,21 . For a detailed description of this 394 study site, please refer to Ward et al. 21 and Wondzell et al. 19 . Briefly, WS01 is a shallow, low-395 order, headwater stream which is hydrologically connected to the surrounding terrestrial 396 environment 19, 21 . The river corridor is forested, and evapo-transpiration drives diel fluctuations 397 in stream discharge (Figure 1 ) 26, 27 . Given that these hydrologic dynamics occur with regular 398 frequency, they offer an opportunity to study changes in DOM composition through time in both 399 the surface water and pore water. This study was conducted under low-discharge conditions 400 during July 23-25, 2018, when diel stage fluctuations can cause spatially intermittent flows, the 401 proportion of total down valley flow passing through the hyporheic zone is maximized, and 402 connectivity between the subsurface and surface was the highest. Therefore, the surface water 403 collected at the sampling location has likely passed through the hyporheic zone multiple 404 times 21,26,27 . 405 406 Sample Collection. Three points separated by ~4 meters were selected along the river corridor to 407 collect pore water samples. Approximately 20 mL of pore water was collected from each of these 408 locations every 3 hours for 48 hours. Concurrently, surface water was collected in triplicate from 409 the same spatial position as the central pore water location. In total, 102 total samples were 410 collected over 17 time points. Surface water was collected using a 60 mL syringe through Teflon 411 tubing while the pore water was collected using a syringe attached via Teflon tubing to a 30 cm 412 long stainless-steel sampling tube (MHE Products, MI, USA) with a slotted screen across the 413 bottom ~5cm. One sampling tube was installed to 30cm depth at each pore water samplinglocation; these tubes remained in place during the 48-hour time course of sampling. Prior to 415 sampling a given location, the syringe was flushed 3 times with the source water to ensure only 416 the desired water was collected. All samples were filtered through a 0.2 μm Sterivex filter 417 (Millipore, MA, USA). At each time point, one filter was used for all pore water samples, and a 418 different filter was used for the surface water. To minimize contamination, water passing through 419 a given filter was collected for analysis using a needle attached to the filter and injected through 420 a septum. During sampling, water temperature, approximate water stage, and pH were measured. 421
Water samples for DOM analysis were injected into amber borosilicate glass vials. Samples for 422 cations and anions were injected into clear borosilicate glass vials. Once collected, samples were 423 stored in a cooler on blue ice until they could be frozen until they were processed in the lab. data into a common framework [49] [50] [51] [52] . Samples that were run at both ion accumulation times were 482 combined; given that different IATs will detect different compounds 53 , by combining the twoIATs we can gain a more complete characterization of the metabolite assemblages. Replicates 484
were further combined such that if a metabolite was present in one replicate, it was included in 485 the composite assemblage. Because peak intensities cannot be used to infer concentration, all 486 peak intensities were changed to binary presence/absence. In turn, observing a metabolite in 487 multiple replicates was equivalent to observing it in a single replicate; the absence of a peak is 488 defined as below the limit of detection. One sample (PP48_000012) was considered an outlier 489 FTICR-MS data; given this resolution, we considered any between-metabolite mass difference 500 within 1 ppm of the expected mass of a transformation to be a match. This analysis provides two 501 outputs: a transformation profile outlining the number of times a putative transformation could 502 occur in a given sample and pairwise mass difference between every peak. Multivariate 503 similarities between the transformation profiles of each sample were visualized by generating a 504 Jaccard dissimilarity-based non-metric multidimensional scaling (NMDS) ordination (metaMDS, 505 'vegan' package v2.5-6) 56 . Using these pairwise mass differences and transformationassociations, we then generated a transformation network in which nodes are metabolites and 507 edges are transformations (Supplemental Figure 1 ) 11, 57, 58 . Relationships between metabolites 508 were determined by first selecting the largest cluster of interconnected nodes (discarding 509 everything not within this cluster) and measuring the stepwise distance between each pair of 510 metabolites (i.e., the minimum number of transformations required to connect one metabolite to 511 another metabolite within the largest cluster of the biochemical transformation network). These 512 pairwise distances were then standardized between 0 and 1. 513
514
Relationships among metabolites were also evaluated using a number of metabolite 515 characteristics estimated from inferred molecular formulae. To do so elemental composition (C-, 516 H-, O-, N-, S-, P-content), double-bond equivalents (DBE), modified aromaticity index (AI mod ), 517 and Kendrick's defect were used as metabolite characteristics indicating molecular composition 518 and structure of the metabolites. These metrics were combined to generate a pairwise Euclidean 519 distance matrix with each distance representing approximate dissimilarity (i.e., further distances 520 indicate less similar metabolites). These molecular differences were then weighted by the 521 previously measured transformation distances that were themselves scaled to be between 0 and 1. 522
A UPGMA hierarchical clustering analysis was then used to convert this combined distance 523 matrix into a dendrogram which approximates the relationships among metabolites 524 (Supplemental File 5). This resulted in the transformation weighted molecular characteristics 525 dendrogram (TWCD). While Danczak et al. 11 used three different dendrograms, doing so is 526 beyond the scope of the current study and we chose to use the TWCD as it integrates more 527 information relative to other dendrogram methods. 528
Diversity Analyses. The metabolite data were treated as an assemblage of ecological units 530 following the methodology outlined in Danczak et al. 11 . All metabolites were treated on a 531 presence/absence basis -peak intensities were not used due to charge competition 47, 52 . Richness 532 measurements and Jaccard-based dissimilarity metrics (vegdist, 'vegan' package 2.5-6) 56 were 533 used to assess the compositional differences among metabolite assemblages. The TWCD was 534 used to measure dendrogram-based alpha-diversity indices including comparisons with |βNTI| > 2 indicate that deterministic processes were responsible for observed 548 differences in metabolite composition. In contrast, pairwise comparisons with |βNTI| < 2 indicate 549 that stochastic processes were responsible for observed differences in metabolite composition. 550
Furthermore, the deterministic processes can be separated into two classes. When β NTI > 2, 552 differences in metabolite composition are greater than would be expected by random chance (i.e., 553 greater than the stochastic expectation). This is analogous to 'variable selection,' which occurs 554 when deterministic processes drive divergence in composition between a pair of 555 assemblages 13, 14 . When β NTI < 2, differences in metabolite composition are less than the 556 stochastic expectation. This is analogous to 'homogeneous selection,' which occurs when 557 deterministic process drive convergence in composition between a pair of assemblages. Mean 558 β NTI values for each sample were obtained and used in all analyses and plots. 559
560
Statistics and Plot Generation. Differences in distributions (i.e., diversity analyses, molecular 561 properties) were evaluated using Mann Whitney U tests (wilcox.test, 'stats' package). 562
Multivariate differences (i.e., ordinations) were identified using PERMANOVA tests (adonis, 563 vegan package v2.5-6) 56 . All correlations were Spearman-based and were performed using the 564 rcorr function ('Hmisc' package v4.2) 67 . All boxplots and scatter/line plots were generated using 565 the 'ggplot2' R package (v3.2.1)
68
; three-dimensional ordinations were generated using the 566 'plot3D' R package (v1.1.1) 69 . 567 Faith's Phylogenetic Diversity (PD), species richness (SR), mean pairwise distance (MPD), 778 mean nearest taxon distance (MNTD), variation of pairwise distance (VPD), and variation in 779 nearest taxonomic distance (VNTD). If a p-value is listed, significant differences were identified 780 using a Mann Whitney U test. 
